Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden. Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich machen, vertreiben oder anderweitig nutzen. Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen (insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten, gelten abweichend von diesen Nutzungsbedingungen die in der dort genannten Lizenz gewährten Nutzungsrechte. Im Rahmen der fortschreitenden Globalisierung wird der Außenhandel immer stärker durch Offshoring-Aktivitäten charakterisiert. Damit gehen wichtige neue Effekte auf dem Arbeitsmarkt einher. Insbesondere wird in einer aufstrebenden Literatur untersucht, ob es der genaue Tätigkeitsinhalt eines Berufes ist, welcher die Verlagerungskosten und damit die Auslagerungsentscheidung bestimmt. Diese durch Arbeitsinhalte bestimmten Kosten sind nicht notwendigerweise über die klassische Unterscheidung zwischen hoch-und niedrigqualifizierten Arbeitnehmern in den jeweiligen Berufen abbildbar. In diesem Papier wird die obige Hypothese einer durch Offshoring sinkenden relativen Nachfrage nach routinebasierten und nicht-interaktiven Tätigkeiten getestet und somit das Problem der relativen Arbeitsnachfrage aus einer "Task-Perspektive" beleuchtet. Zunächst wird ein theoretisches Modell entwickelt, welches die Grundlage für spätere Schätzungen liefert. Dieses Modell betrachte Berufe explizit als Bündel von Tätigkeiten, welche als Ganzes der Auslagerungsentscheidung zu Grunde liegen. Dieser Ansatz stellt einen Bruch mit vergangener Modellierung dar, welche nahezu ausschließlich auf bildungsbasierte und in der Reallokation völig freie Faktoren setzte. Das Modell führt einen Mechanismus der optimalen Berufswahl ein, welcher auf einer individuellen Optimierungsentscheidung hinsichtlich der für eine Arbeit notwendigen Anstrengung basiert. Im Modell führt ein Rückgang der allgemeinen Kosten für Offshoring dazu, dass manche Berufe verlagert werden und sich die entsprechenden Arbeitnehmer neu "einsortieren". Da komplexere Tätigkeiten weniger leicht auslagerbar sind, werden durch verstärktes Offshoring in einem neuen Gleichgewicht relativ mehr Menschen in Berufen mit einem höheren Anteil an komplexeren Tätigkeiten beschäftigt sein als vorher. Anschließend werden die theoretischen Hypothesen einer ökonometrischen Untersuchung unterzogen. Für ein Panel verschiedener Sektoren des Verarbeitenden Gewerbes in Deutschland zeigt sich zwischen 1998 und 2007 ein klares und robustes Resultat: Offshoring führt zu einem Rückgang der Nachfrage nach routinebasierten und nicht-interaktien Tätigkeiten auf Sektorebene. Ein besonders starker Effekt zeigt sich, wenn Offshoring in nicht-OECD Länder betrachtet wird. Dieser Rückgang ist stark durch eine Reallokation von Berufen getrieben. Insgesamt kann der beobachtete Anstieg des Offshoring bis zu 24% der gemessenen aggregierten Tätigkeitsverschiebung abbilden. Eine weitere wichtige Erkenntnis ist, dass auch bei Berücksichtigung von Qualifikationsniveaus innerhalb der Sektoren eine Reduktion der relativen Arbeitsnachfrage nach einfachen Tätigkeiten zu beobachten ist. Zudem erweisen sich die Resultate robust gegenüber eines Instrumenten-Schätzansatzes. Es scheint als sei die "Task-Perspektive" eine neue und wichtige Dimension in der Heterogenität der Effekte von Globalisierung in modernen Arbeitsmärkten.
Non-technical summary
Since trade is becoming more of a task-related phenomenon due to the increase in offshoring activities by firms, the pattern of effects across workers is changing as well. In particular, the skill-based characterization of differentially affected groups falls short of comprehensively capturing the effects. Offshoring occurs based on relocation cost for single occupations, which do not necessarily reflect skill intensities. This paper puts this claim to a test by analyzing industry level relative labor demand from a task perspective. First, a model is developed to describe the mechanisms underlying the link between offshoring and shifts in employment and cost shares of tasks. This model explicitly treats occupations as fixed bundles of tasks which are, as a whole, subject to the offshoring decision. This is a crucial difference to skill-based approaches, in which individuals either supply high-skilled or low-skilled labor, with complete mobility across industries or stages of production. Furthermore, the model highlights the between-occupation dimension in task share changes in the economy. The model introduces a sorting mechanism of individuals across occupations, which relies on a trade off between occupations specific wages and individual abilities in terms of effort needed for the execution of certain tasks. In such a setting, an overall fall in offshoring costs can shift the cut-off occupation, which separates home from foreign production, such that the range of occupations at home shrinks. Crucially, this remaining range of occupations is characterized by a higher non-routine and interactive task content. Since workers whose jobs have gone offshore optimally re-sort into these occupations, average employment shares and cost shares of routine and non-interactive tasks fall in the home economy. Introducing occupations as bundles of tasks provides a new and consistent way of theoretically sound estimation of relative labor demand for tasks. Second, the theoretical predictions are tested with industry level data from German manufacturing. A clear and robust result emerges. An increase in offshoring significantly reduces home country relative demand for routine and non-interactive tasks -in particular if this offshoring is directed towards non-OECD countries. This result is robust to various alterations and the use of instrumental variable methods. The additional value compared to skill related measures is demonstrated by the fact that this demand shift is also observed when controlling for the skill composition of industries. The main results show offshoring to account for up to 24% of the observed "task-upgrading" over the period 1998-2007. 
Introduction
According to a growing strand of literature, a large part of modern trade -often referred to as offshoring -is best conceptualized as trade based on job-tasks, meaning that it is driven by international allocation of production at the level of narrowly defined tasks. Grossman & Rossi-Hansberg (2008) have theoretically described the implications of this trade in tasks for wages and pointed out that the effects of offshoring are no longer unanimously described along the lines of worker's formal education levels -a point also emphasized by Baldwin (2006) . The implications of this approach for workers are crucial: Since the nature of trade is changing, the lines defining heterogeneity in the effect of globalization on individuals might have to be redrawn as well. Distinctions based on formal education levels are looking increasingly unfitting. Empirically, concepts based on how routine and rules-based a certain job is have gained importance (Autor et al. 2003 , Levy & Murnane 2004 , Acemoglu & Autor 2011 . Additionally, proximity needs and interactivity characteristics are strongly correlated with how easily occupations can be shifted abroad (Blinder 2006) . Importantly, both of these concepts are independent of industries and are not necessarily correlated with formal skill levels. Hence, they emerge as a novel dimension in the analysis of wages and employment effects in modern open economies.
Following these recent developments, empirical approaches to estimating the link between offshoring and relative labor demand need to be able to incorporate the task perspective. Early work on offshoring in Feenstra & Hanson (1996) , Kohler (2004) , or Hijzen et al. (2005) treated individuals as either high-skilled or low-skilled and goods as embodying different amounts of these two types of labor. In such a framework, the production process can be split up and some stages may be offshored. Empirical analysis of the resulting effects often builds on estimation of zero profit conditions of labor demand functions arising from translog production functions. Yet, there is no role for tasks. Recent work seeks to fill this gap and to combine this approach with the task trade paradigm. As an example, Becker et al. (2013) draw motivation from Grossman & Rossi-Hansberg (2008) , and the task trade idea of freely mobile tasks as an additional layer within high-skill and low-skill labor inputs. Yet, the analysis in Grossman & Rossi-Hansberg (2008) is missing the concept of occupations, which, in turn, is at the heart of modern empirical measurement of task contents (Ebenstein et al. 2013 , Crinò 2010 , Baumgarten et al. 2013 . Becker et al. (2013) ultimately put a focus on estimation and show important insights from estimating firm level relative labor demand for tasks in a way that resembles previous skill-based approaches derived from a translog framework -with task content based on occupation level task intensities. However, an occupation is conceptually different from the intermediate production stages in the Feenstra & Hanson (1996) model, were combinations of high-skill and low-skill labor inputs are separately contracted in the market. In particular, in this latter model, individuals supply either of the two factors to the market and are freely mobile across production stages. This is at odds with the concept of occupations -namely that they are bundles of different tasks, contracted on the labor market as a package-deal. This paper develops a new theoretical underpinning for estimating the effect of trade on relative labor demand, which places the aforementioned lines of distinction between different tasks at the center of the analysis. The main idea is to bring together theory and empirics by modelling labor contracts as being based on occupations which represent bundles of different tasks. On the labor market, heterogeneous individuals are sorting themselves into different occupations in line with their abilities to perform different types of tasks. According to this theory, the effect of offshoring on relative labor demand and wages works through changing the sorting environment for individuals and ultimately leads to a new sorting equilibrium and new task content of domestic labor demand. This paper lays out the theory and subsequently uses it to provide novel empirical estimates confirming that offshoring negatively affects relative labor demand for routine and noninteractive tasks at the industry level.
Section 2 describes the sorting model of the labor market in more detail. In the proposed framework, individuals are endowed with different abilities, which determine the effort needed for the execution of a particular task. Based on these abilities, and occupation specific wages, they sort into occupations, which are in turn characterized by fixed requirements of tasks. With individuals optimally sorted into jobs, firms face the decision whether to offshore any given occupation. The costs of offshoring are conceptualized following the general idea of Kohler (2004) and Grossman & Rossi-Hansberg (2008) , adapted to a framework with bundling of tasks in occupations. They include a general component, which is equal for all occupations, and an idiosyncratic one directly related to the occupation level task intensity. The more intensively an occupation uses non-routine and interactive tasks, the more costly it will be to offshore. This assumption is linked to the fixed and indivisible bundling of tasks in occupations. Such bundling is common in European labor markets and mostly due to binding work contracts which specify job contents. Furthermore, it is commonly assumed in recent contributions in the labor market literature such as Autor & Handel (2013) or Firpo et al. (2011). 1 Offshoring is triggered by a downward shift in the general cost component of offshoring costs, possibly due to trade liberalization or technological innovations. Given such a cost reduction, the offshore production of some occupations might become profitable, depending on the characteristics of the tasks bundled into them. Individuals previously employed in these jobs will re-sort into the now optimal occupation, given the reduced range over which optimization takes place. As a result, and given firm level optimal decisions, the new equilibrium will have individuals being employed in occupations which are on average more intensive in non-routine and interactive tasks. Importantly, individuals with the same underlying abilities, through resorting into different occupations, now derive a larger share of income from these tasks in the new equilibrium. Hence, the cost share of routine and non-interactive tasks in domestic labor demand will fall with offshoring. This paper thus contributes a theoretical approach, linking offshoring and relative labor demand for tasks which is consistent with using data that treats occupations as bundles of tasks.
The following sections take the theoretical approach to the data. The prediction regarding relative labor demand for tasks is tested in a panel set-up at the industry level for the years 1998 -2007, using data from the German manufacturing sector. The data set used for estimation combines information on offshoring, derived from yearly input-output tables and industry level trade data, with industry level employment shares and cost shares of different tasks, which in turn are calculated from information on individual level earnings and employment. Task data are compiled from survey responses as a direct account of reported work content, rather than being based on external assessments. This paper's results uncover a more nuanced effect on relative labor demand than a skill-based analysis does since workers with the same educational achievement usually carry out a multitude of job specific tasks. Consequently, the question of whether the task perspective indeed sheds light on a new aspect is answered by also estimating relative demand for tasks conditional on the skill-composition of an industry. The results indeed point to important effects operating within industries and within skill groups. Offshoring is shown to significantly reduce 1 Regarding occupational task composition as fixed is also consistent with estimating task employment and wage responses with time-invariant data on which tasks make up an occupation. This data structure is common to almost any data on tasks used in academic research. Examples for data sets on task content without a (short-run) time variation are the German BIBB data used here and in Becker et al. (2013) , or the O*NET data base for the US (see Crinò 2010 , Costinot et al. 2011 , which are widely used in the literature -also on a number of topics beyond international economics. Using such data demands an approach which is consistent with this data structure, such as the one presented here.
relative labor demand for routine and non-interactive tasks with and without explicitly controlling for the share of high-skilled or medium-skilled individuals in the labor force. The impact offshoring has on relative labor demand for tasks is particularly strong if production offshoring is directed towards non-OECD countries. This link is shown to be robust across various measures of task-based labor demand and multiple estimation methods, including instrumental variables models.
The paper adds to some important recent contributions to the task-based empirical work on the labor market effects of offshoring. Effects on individual wages are studied in Ebenstein et al. (2013) and Baumgarten et al. (2013) , for instance. Crinò (2010) analyses relative labor demand at the occupational level. Among others, Autor et al. (2006) , Acemoglu & Autor (2011 ), and Goos et al. (2009 , 2010 document that more offshorable (routine) jobs show relative employment losses, contributing to the polarization of the labor markets in the U.S and in Europe, respectively. At the level of the firm, Becker et al. (2013) produce evidence that German multinationals reduce relative labor demand for routine tasks at home when expanding employment in their affiliates abroad. On a more aggregate level, and taking a long-term perspective, Kemeny & Rigby (2012) show that imports from developing countries are linked to the decline of routine task intensive employment in US manufacturing since the 1970s. While most of the emerging literature on the topic has a focus on the firm or individual level, the present paper tackles the issue at the industry level. It thus delivers an analysis also capturing more aggregate effects on labor demand arising from linkages between offshoring firms and others. Labor demand by offshoring firms may not be representative of sector or country level trends if individuals, set free by such firms, are re-employed and perform similar tasks in non-offshoring firms. In this case, the firm level effect measured by the previous literature would uncover differences in labor demand across heterogeneous firms, rather than aggregate trends in employment structures. A comprehensive study analyzing the connection between manufacturing offshoring and relative labor demand from a task perspective at such a more aggregate level thus far is missing.
Theoretical considerations
The classic theoretical background for much recent work on offshoring and relative labor demand is Feenstra & Hanson (1996) . This skill-based model is not easily transferable to an analysis of the link between offshoring and relative labor demand for tasks, however. Feenstra & Hanson (1996) features a continuum of production stages, which each require the input of high-skilled and lowskilled labor, which is contracted on labor markets. These stages of production are subject to the offshoring decision and the skill shares determine how attractive such a move would be. In Feenstra & Hanson (1996) there is no role for tasks. In contrast to this model, modern theory introduces the notion of tasks, which are differently tradable, depending on how routine or interactive they are. These characteristics do not have to coincide with education-based categories of skills, however. In the model by Grossman & Rossi-Hansberg (2008) , tasks are built-in as an additional layer within high-skilled and low-skilled labor. A single task is always connected to either high-skilled or low-skilled labor and labor types are both mobile across industries.
The model presented here differs in its conceptualization of tasks. On the labor market, different and fixed bundles of tasks are contracted. These bundles are called occupations and are made up of two fundamental types of tasks: R-tasks, which comprise routine and non-interactive activities, and N -tasks, collecting non-routine and interactive job contents. The offshoring cost of an occupation is determined by the proportion of R-tasks and N -tasks. 2 In both the domestic and foreign market, different occupations pay different wages but individuals within each occupation earn the same wage. Individuals, in turn, are heterogeneous and endowed with varying amounts of talent for the performance of R-tasks and N -tasks, respectively. Based on these talents, which determine the amount of effort needed to produce one effective unit of labor in a given occupation, an individual self-selects into one specific occupation, depending on the unit wage offered for the respective bundle of tasks in different occupations. The crucial difference to both the Feenstra & Hanson (1996) and the Grossman & Rossi-Hansberg (2008)-type models is the bundling of tasks.
The consequence is that tasks cannot be treated as separate factors being supplied to the market independently. 3 In the following, the task-based characterization of the labor market will be developed, building on insights recently put forth in Liu & Trefler (2011) and Autor & Handel (2013) , that in turn represent modern interpretations of Roy (1951)-type models. 4 Subsequently, it will be described in more detail how an exogenous change in the costs of offshoring leads to changes in the relative demand for tasks -changes which are tightly linked to shifts in the occupational employment structure towards more non-routine and interactive jobs. and capital B to produce output. 5 Each occupation requires the performance of a different mix of tasks. That is, some occupations more intensively use non-routine and interactive N -tasks, while in others most of the tasks are routine or non-interactive (R). The amount of these tasks required within each occupation is fixed. Hence the production structure of an occupation k is described
The occupations are furthermore ordered such that a higher φ k means a higher relative intensity of N -tasks.
Individuals are heterogeneous. Each individual i is characterized by specific abilities in the performance of tasks, which are denoted by A iN and A iR for N -tasks and R-tasks, respectively.
These abilities can be seen as individual talents -whether innate or acquired through education and training. Importantly, they are regarded as exogenously given and fixed. When supplied to the labor market, they will determine the amount of effort needed to deliver an efficiency unit of labor input of occupation k in a way that a higher A iN is connected to less effort needed in occupations intensive in N -tasks. Framing the sorting mechanism in terms of effort is a crucial difference to recent contributions like Ohnsorge & Trefler (2007) and Liu & Trefler (2011) , where individual abilities determine individual earnings in an occupation. In contrast, the mechanism introduced here will not generate different earnings across individuals within each occupation but instead will preserve a common occupation specific wage. Sorting works through the mechanism that differently endowed individuals will need different amounts of effort for attaining that wage, which generates disutility and thus leads to a trade-off between higher wages and higher disutility from effort. That is, the individuals select themselves into a certain occupation so as to maximize the wage received per unit of effort. A single occupation specific wage is an important feature as this wage is the basis firms will decide on when considering shifting certain occupations offshore. 6
Using this effort-based individual sorting, a more formal characterization of occupations from an individual's perspective is given by:
where 1/F ki is the amount of individual effort needed to generate a unit of effective occupation k-type labor with individual abilities A iN and A iR . Following Liu & Trefler (2011) , in order to derive the individual sorting rule, it is useful to define r = ln A iR and n = ln A iN and to write f ik (n, r) as the function implicitly defined by F ki (A iN , A iR ) = f ik (n, r). Taking logs, a transformed expression for the relation between individual abilities and the effort needed to perform a given occupation derives as:
which is the same expression as in Liu & Trefler (2011) , yet with a different interpretation that replaces extra earnings with task specific abilities and thus (inverse) effort. Sorting of individuals into occupations takes this effort function into account and combines it with an occupation specific wage w k . In choosing an occupation, individuals are maximizing the wage per unit of effort:
To see how each individual finds an optimal occupation, equation (3) can be expressed in log terms
Since φ k is increasing in k -that is, the slope of any line with φ k > φ k is relatively steeper -there is exactly one occupation not being strictly dominated by another for every individual. With the sorting mechanism as described above, given a certain vector of wages (w 1 , . . . , w K ), individual sorting based on equation (4) leads to occupation specific labor supply determined by the joint distribution g(n, r) over individual abilities in the population:
So far little has been said about the occupation specific wages w k . In terms of the model, the occupation specific wages will complete the description of the sorting of workers into occupations.
In order to determine these equilibrium wage rates (w k , . . . , w K ), consider the production of the final good Y again. This is produced in Cobb-Douglas fashion with share parameters θ k determining the "overall importance" of each occupation k. Equilibrium then requires:
According to equation (6), wages could freely differ across occupations based on different labor supply and variation in the importance of any given occupation for final goods production, for instance. However, as will shortly be seen, for a cut-off occupation -separating home production from offshored activities -in terms of N -task intensity to emerge, there has to be some monotonic ordering of wages in terms of φ k . That is, wages either have to monotonically increase or decrease (or be the same) for all φ k . Intuitively, occupations with a relatively high non-routine task intensity should pay higher wages. This could arise in this framework as well. The wage pattern across occupations is determined by demand and supply and a relatively routine intensive occupation will pay a relatively low wage if it commands low prominence in technology and if individual talent distributions are such that a large mass of individuals will select themselves into this occupation. Empirical evidence also seems to point in the same direction. While it is difficult to establish monotonicity, a regression of the average occupation level log wage (ln w k ) on the average non-routine intensity, φ k , yields a highly significant positive relationship, with a one standard deviation higher φ k increasing wages by around 12%. Evidence for wages increasing in φ k is also documented in Ebenstein et al. (2013) and Baumgarten et al. (2013) .
To generate such a relationship from the equilibrium in equation (6), it is assumed that the θ k 's are also increasing in φ k . This seems plausible. Consider the value an additional engineer, designing a new production robot, brings to the production of Y against the additional effect of employing another worker on the factory floor. The increase in output is likely larger in the first case, which would be reflected in a higher θ k for the engineering occupation. With the assumption of θ k increasing in φ k , the equilibrium in equation (6) can be obtained either through wages or labor supply increasing with the non-routine intensity of an occupation, or a mixture of both. More formally, it holds that if θ k /θ k > L k /L k then w k > w k . As argued above, it seems reasonable to assume that θ k /θ k > 1 for φ k > φ k . A further assumption is to take L k /L k to be smaller than one. If one is willing to assume that the amount of people with the right amount of "talent" in non-routine tasks is decreasing in this amount, there is a decreasing labor supply into higher φ k occupation at given wages. Now, if wages are higher in higher φ k jobs, this might make up for the extra effort an individual will need when working in that occupation. At this point the increasing wage schedule arises with one additional assumption: If the difference in wages paid by occupation k and k is less than the decline between k and k in population mass selecting themselves into these occupations, the equilibrium in equation (6) is consistent with wages increasing in φ k . Then,
All of the above considerations hold without any role for offshoring. To see how offshoring alters the equilibrium sorting, and thus the relative shares of R and N -tasks in the economy, consider that offshoring costs are also related to occupational characteristics. In particular, the N -intensity of an occupation, φ k , determines the costs of potentially offshoring the occupation to another country, which is denoted by βt(k). The structure of these offshoring costs follows Kohler (2004) and Grossman & Rossi-Hansberg (2008) . On the one hand, it has a general component, β, describing a common cost factor linked to the technological possibilities of conducting certain operations abroad. On the other hand, offshoring costs for each occupation are characterized by the idiosyncratic component, t(k), which is assumed to be increasing in k. Hence, the more nonroutine and interactive an occupation is, the more costly its offshore performance will be. This is intuitive as the tasks related to intense communication needs, or tasks which are particularly prone to generating problems that need to be solved in a non-routine manner, are naturally difficult to perform at a distance. In their offshoring decision, firms compare the costs of occupational production across locations Home and Foreign. Due to overall technological disadvantages, wages are assumed to be lower in Foreign. Yet, the relative ordering across occupations is preserved. The same holds true for occupational task requirements.
The result is that wages w * k in Foreign strictly lie below the ones at Home for all occupations.
In their decision to offshore firms have to weigh this lower wage against the occupation specific offshoring costs t(k). An occupation is thus offshored only if:
The parallel increasing ordering of occupations, in terms of both wages and offshoring costs, yields one cut-off occupation,k, which is the lowest φ k occupation at home. Observing a cut-off occupation means that L k (w 1 , . . . , K) = 0 for all k where w k > w * k βt(k). This also implies that workers only sort into the occupations with k ≥k since these are the only ones being demanded at home. Now, consider an exogenous change in offshoring. The source for an increase in offshoring studied here is the same as in most of the literature and follows Grossman & Rossi-Hansberg (2008) . The idea rests on overall technological progress in terms of information and communication technologies (ICT) reducing the general and common component of offshoring costs, β, equally for all occupations. Such a fall in β makes offshoring less costly for all occupations. Importantly, it could be that it alters the position of the cut-off occupation and thus the range of occupations active in onshore production. 7 If the fall in β is large enough to trigger such an adjustment, the range of occupations performed at home will shrink from {k, . . . , K} to {k , . . . , K}, withk >k.
This leads to a reallocation of individuals previously employed in occupationsk ≤ k <k since they are set free, with their optimally chosen occupation no longer in demand at home. Given the sorting rule described by equation (4), these workers will now sort into "the next best" occupation, which is the lowest φ k one still left at home. From a partial equilibrium perspective, at given wages, this will increase the share of non-routine and interactive tasks performed in the home economy relative to routine and non-interactive ones. 8 This upward shift in employment shares will also impact on the cost share of tasks. Strictly speaking there is no income paid separately for the two types of tasks, only income paid for separate occupations. Yet, since the non-routine intensity of occupations is increasing in k, the share of income paid for non-routine tasks is increasing in k as well. Under the assumption that an occupation's income can be split up into task specific payments by multiplying it with φ k , the cost share of N -tasks is the following:
Hence, the cost share of R-tasks in overall labor cost will fall with an increase in offshoring. This is the main hypothesis being put to the test in the subsequent empirical sections of this paper.
7 Note that with a finite number of occupations it might still be that a small downward shift of β does not trigger an expansion of offshoring. Only if the shift is large enough to tip the scale in the trade-off between k and k + 1 there will be an effect on the range of offshored occupations.
8 The model used here to inform the estimation in later sections is a partial equilibrium model in the sense that is looks at re-sorting at given wages. In general equilibrium, worker sorting into new occupations is going to affect the wages in these occupations, which will in turn affect the optimal sorting again. An increase in labor supply could lead to a fall in the wage rate leading to more workers switching "up". This inflow of workers into the next higher φ k occupation again lowers wages there, leading to some individuals switching up out of this job as well. As a results, there could be a general movement of workers up the "occupational latter" leading to more people being employed in higher φ k occupations. Additionally, increases in output Y , due to the cost savings from offshoring, would disproportionately accrue to the higher φ k jobs as well (through higher θ k 's). Without fully working out the details, these general equilibrium effects would likely reinforce the partial equilibrium effects.
Data and construction of labor demand variables
In order to assess the structure of offshoring costs and the related demand shifts in the offshoring process, it has to be clear how tasks are assumed to be bundled into occupations. In the theory outlined in the previous section, there is a number of intermediate inputs, each produced by one occupation through the performance of a specific bundle of tasks. The empirical equivalent to the range of jobs from the model in the previous section is a vector of 74 occupations ordered according to their offshoring costs -the latter being based on their share of R-tasks in total tasks. 9 The task shares within occupations are represented by an average of task intensities at the individual level. For Germany, the best data on this topic comes from the "BIBB/IAB-Employment Survey 1998/99". 10 This database has previously been used by Spitz-Oener (2006) and Becker et al. (2013) , among many others, and has proven to be the source of choice for task related information. 
Averaged within each occupation as λ(k) = λ i (k)/L(k), the resulting occupation level task scores resemble the measure proposed by Antonczyk et al. (2009) . 12 The measures of task intensities within all 74 occupations considered add up to one and, hence, yield an approximation of how an individual splits her job into different tasks. Naturally, (1 − λ(k)) describes the share of R-tasks in total tasks. It is similar to, yet distinct from approaches using category specific intensities such as Spitz-Oener (2006) or Becker et al. (2013) , where the number of type-τ tasks (with 9 These 74 occupations exclude agricultural and military occupations as well as some others such as mining occupations.
10 The data used is the BIBB/IAB study: "Acquisition and Application of Occupational Qualifications 1998/99", provided to the author by GESIS Cologne, Germany. No. ZA3379. Datafile version 1.0.0, 13.04.2010, doi:10.4232/1. 3379. 11 The grouping is a further aggregation of the five categories in Spitz-Oener (2006) , with non-routine analytical, non-routine interactive, and non-routine manual being summarized in the N -group with higher costs of offshoring. Routine manual and routine cognitive tasks form the lower cost R-group. The individual tasks grouped into these categories are very similar to the ones used in Spitz-Oener (2006) . The individual tasks are also listed in the appendix. 12 The task intensity λ(k) is directly and positively related to the theoretical expression φ k . Yet, since this empirical measure holds no capital, it is denoted differently. τ ∈ routine, non − routine) an individual performs is related to all possible type-τ tasks.
The outcome of the above calculations are occupation level values for task contents, λ(k), which derive from how intensively an occupation uses a certain type of task on average. In order to construct industry level task cost and employment shares, these measures are combined with time-varying income and employment data from administrative individual employment records ("BA-Employment Panel") at the occupation level. 13 These data hold information on the employment of and the total income paid to individuals in a given time period. Crucially, and in contrast to other data sets with smaller dimensions, the data set has a sufficient number of observations to provide for representative distributions of occupational employment and income within 19 out of the 22 2-digit manufacturing industries. This is a crucial element, enabling the use of panel methods to infer the effect of offshoring on relative labor demand for tasks from different within industry movements over time.
A straight forward calculation of the employment share of routine and non-interactive tasks for industry j, S E R,jt , is to calculate the employment share of each occupation k in industry j and
year t, π kjt , multiply it with the task scores, λ(k) and aggregate this to the industry level. Such calculations are done for 19 manufacturing industries over the time period between 1998 and 2007 at yearly frequency. They look as follows in more formal terms:
In addition to the straight forward employment shares, cost shares (income weighted employment shares) of R-tasks are calculated as well. These will differ from employment shares if wages are systematically higher in relatively N -intensive occupations, which is one of the features of the model in section 2. 14 Calculations of cost shares are done using income information provided in the BA data set. The occupation level task intensities are now multiplied with income shares of occupations within industries, ω kjt . Aggregated to the industry level, this yields the cost share of R-tasks as:
It is crucial to note what the above implies in terms of variation used for estimation in this paper. Importantly, all of the variation in relative labor demand measures stems from variations in occupation-industry employment shares or differential wage movements across occupations. This is in line with the related literature, which also uses the between occupation variation when looking at aggregate task changes (see Becker et al. 2013 , Kemeny & Rigby 2012 . Note that not only is the variation used here based on the preferred approach in the literature, it is now also consistent with theory as described in section 2, which explicitly considers occupations as fixed bundles of tasks.
The offshoring intensities for each industry and year are calculated using a method similar to Feenstra & Hanson (1999) . In particular, the measures are constructed to represent the share of imported intermediate inputs in total industry output -a slight variation of the original measure following Geishecker (2006) . The necessary data on input-use by both industry and year are taken from the import matrices that are part of the input-output tables provided by the Statistical Office of Germany. It is important to note that only inputs which originate in the same foreign industry j * as the home industry j are included. Thereby it is ruled out that traditionally imported intermediates, that do not reflect an offshoring decision, are counted in. This makes the offshoring indices constructed here resembling the "narrow" measure of Feenstra & Hanson (1999) : 15
Ω j * jt represents the share of imports from a specific industry j * used in the same industry j at home. IM P j measures all imports of industry j. 16 These imports can be split in order to differentiate among different offshoring destinations. To provide for the closest fit with theory-based offshoring considerations, which are rooted in labor cost differentials across countries, a non-OECD country specific offshoring intensity is calculated to complement the worldwide measure. This region specific calculation entails the assumption that Ω j * jt does not differ across country groups, an assumption which is frequently taken in the empirical offshoring literature (see Geishecker 2006) .
Y jt is the industry j's output in year t as supplied by the OECD in the STAN data base. 17 Table 1 gives an overview of the constructed variables. Offshoring intensities vary substantially between industries and over time, with most industries showing an increase over the sample period.
Offshoring to non-OECD countries is much less important from a levels perspective, yet, it does show much stronger growth and has increased for all considered industries. It is of no surprise to observe relatively high offshoring intensities in the wearing and apparel and textile industries as well as in basic metals. This holds true for both worldwide and non-OECD offshoring. The highest growth is found in the radio, television and communication industry. At the same time, the cost share of routine and non-interactive tasks fell in most industries. Employment shares also fell, but are excluded from this table due to expositional reasons. Employment shares of routine and non-interactive tasks are slightly higher. This is intuitive since using employment shares is equivalent to assuming equal wages across occupations. With R-tasks intensive occupations being rewarded at a lower wage, the industry level wage cost share of these tasks is lower compared to their employment share. While falling relative labor demand in the face of increased offshoring intensities point to a possible relationship between the variables, it will be left to the empirical analysis in the following sections to uncover the strength and significance of this link. 
Does offshoring affect relative labor demand for tasks?

Estimation set-up
The estimation set-up seeks to test the main hypothesis from the theory in section 2: It should uncover how offshoring is linked to changes in the task composition within industries. The empirical analysis takes the main insights from the model to build a reduced-form relationship between these key variables. It is reduced-from in that it treats output and capital as fixed in the short-run and thus abstracts from some potential general equilibrium effects offshoring might have on these variables. This seems valid in the sense that the period under study comprises ten years only. Given the short-run perspective, the estimation resembles those in Feenstra & Hanson (1996 ), Berman et al. (1994 , and Becker et al. (2013) , yet it derives from a different theoretical fundament that better matches the task perspective. 18 The cost share (or employment share in some variations) of routine and non-interactive tasks as dependent variable is regressed on the logarithm of the industry's capital intensity and the logarithm of its output (which is real output in its role as a control-variable), capturing that the effect of offshoring is conditional on output and capital -a direct implication of the short-run perspective. Offshoring is included not in log-form but as the share of imported intermediates as defined in equation (12). Just as in Feenstra & Hanson (1996) , offshoring acts as a shift variable of relative labor demand. In a slight deviation from the theory, a further shift variable, research and development spending as a share in value added, is admitted to affect the cost share in the preferred specification. The values are collected in Z jt .
Including the research and development variable, as an approximation to technological advances, might also help to rule out biased coefficient due to the correlation of technology and relative labor demand for tasks. In particular, Liu & Trefler (2011) stress that it should be included as a separate regressor in any model linking offshoring and the labor market. The unobserved variation in the estimation equation is assumed to be captured by the composite term ν jt = δ t + µ j + u jt . Part of this unobserved variation can be controlled for using fixed effects for year (δ t ) and industry (µ j ), which control for economy wide trends and industry specific time-invariant characteristics, respectively. 19 The remaining part of unobserved variation (u jt ) is assumed to be uncorrelated with any included variable and thus the standard independent error term in the equation. Standard errors are clustered at the industry level. 20 Taken together, the following estimation equation for the cost share of routine and non-interactive tasks in industry j at time t is used:
With a suitable framework for estimation at hand, it can be investigated whether and to what extend offshoring shifts the relative labor demand for tasks. The next subsection opens with the presentation of regressions based on cost and employment shares of R-tasks in total tasks.
Subsequently, the effect of offshoring on relative task demand will be estimated controlling for the industry level skill composition -thus answering whether there are indeed additional insights to be gained from using a task-based approach. A discussion of the robustness of the results to possible endogeneity issues, to adjustment of standard errors and inference with few clusters, and to data alterations completes the empirical analysis.
19 An alternative approach do dealing with constant and industry specific components of the composite error term would be to first-difference the data. However, given that the main variables in the model are calculated from a variety of sources, there is some scope for measurement error on a year-to-year basis. According to Griliches & Hausman (1986) , the fixed effects estimator is better able to deal with measurement error and is thus the preferred model in nearly the entire related literature and in this study.
20 See subsection 4.4 for a discussion of the appropriate handling of inference with few clusters. Table 2 shows the outcome of estimating model (13) for both cost and employment shares of routine and non-interactive tasks, S C R,jt and S E R,jt , respectively. In the first column, results are presented from estimating equation (13) in terms of skill categories usually find negative coefficients with mixed significance. Note, however, that the task categories here do not necessarily lead to expect the same result. While most R&D tasks are performed by high-skilled employees, these tasks could also be characterized by low interactivity and some routine steps -characteristics that enable offshoring. In columns 5 and 6, results arising from using employment shares are shown. Reassuringly, these are similar to the cost share results hinting at the effect working through shifts in occupational employment -shifts away from occupations relatively intensive in routine and non-interactive tasks.
Estimation results
The coefficients from the preceding estimations permit a look at the economic relevance of the results. Using the estimates from column 3 in table 2, it emerges that a one percentage point increase in worldwide offshoring decreases the relative labor demand for R-tasks by 0.064 percentage points. The total output weighted average decline in the cost share of routine and non- Notes: The dependent variable is the industry level cost or employment share of R-tasks. Cluster-robust standard errors are in parentheses. * * * , * * , and * indicate significance at 1%, 5%, and 10%, respectively. All regressions control for industry and year fixed effects. The sample consists of 19 industries over 10 years (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) .
interactive tasks was about 1.8 percentage points over the sample period. Worldwide offshoring increased by around 2.7 percentage points, or 47% of its initial value. Thus, worldwide offshoring accounts for about 10 percent of this total decline in the cost share of R-tasks. Offshoring to non-OECD destinations shows an increase by 1.2 percentage points, more than a doubling over the sample period. Using the above estimate ofγ 1 = −0.3654 from column 4 of table 2, the equivalent number of the share of explained variation in relative labor demand for routine and non-interactive tasks stands at 23.89%. This type of offshoring is thus able to explain a considerable part -up to almost one fourth -of the observed shift in relative labor demand for tasks.
Estimations controlling for skill composition
Thus far the innovative nature of a task-based approach has simply been stated. It may well be that the routine and non-interactive characterization of occupations and the corresponding industry level task intensities simply reflect the same fault lines as the high-skilled vs. low-skilled dichotomy always did. Relabeling an old phenomenon would hardly constitute a contribution to the literature. Therefore, the next step is to test for shifts in relative labor demand while explicitly controlling for the industry level skill composition, following an idea put forth in Becker et al. (2013) . Table 3 shows the outcome of this important exercise. The first two columns show the familiar results without skill share controls for comparison. The further columns include control for shifts in the share of highly skilled individuals (tertiary education) and medium-skilled (vocational training education) individuals, respectively. While the high-skill versus low-skill distinction has a long history in the literature, recent papers have stressed that individuals in the middle of the skill distribution are mostly engaged in routine and non-interactive tasks (see Acemoglu & Autor 2011) . It thus seems necessary to check what the inclusion of these skill shares does to the effect of offshoring on relative labor demand for tasks. The result is reassuring. Again, offshoring is found to shift relative labor demand in favor of non-routine and interactive tasks. The result furthermore shows a similar robustness as the baseline analysis did. Crucially, the estimated coefficient on the offshoring variable is still negative and statistically significant in all variations, albeit slightly reduced in magnitude. Taking a look at offshoring induced shifts in relative labor demand from a task perspective thus adds information beyond what the skill-based view is able to explain. Within education-based skill groups, the task dimension seems to be a relevant source of heterogeneity. This is a result in line with Baumgarten et al. (2013) , where occupation specific wage effects are found to be present within skill groups, or Crinò (2010) , where labor demand elasticities are heterogeneous across occupations within skill groups, according to how intensive they are in tasks
showing relatively more tradable characteristics. Notes: The dependent variable is the industry level cost share of R-tasks. Cluster-robust standard errors are in parentheses. * * * , * * , and * indicate significance at 1%, 5%, and 10%, respectively. All regressions control for industry and year fixed effects. The sample consists of 19 industries over 10 years (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . High-skilled is defined as having tertiary education; low-skilled otherwise. Medium-skilled is defined as having a vocational training education versus either a tertiary degree or no vocational training.
Robustness of the results
Discussion of possible endogeneity
The above results represent correlations between industry level offshoring fluctuations and relative labor demand for tasks. They represent a confirmation of the predictions arising from the theory presented in section 2. Furthermore, the integration of large emerging economies like China into world markets in the time period considered can arguably be regarded as an exogenous process from the perspective of German industry level relative labor demand. However, there is no direct claim that the results are necessarily to be interpreted in a causal way. Nevertheless, this section carefully discusses the underlying assumption of exogeneity of the offshoring measures and confirms the significant link between offshoring and relative labor demand for tasks using an instrumental variable strategy.
The assumption of exogeneity of the offshoring variables may be called into question if one thinks about industry level technology shocks that could affect both, relative labor demand and offshoring. However, the results presented so far already account for some of these potential influences. By controlling for industry fixed effects, general technological differences between industries that do not vary over time are no longer an issue. Neither are technological developments that affect all industries in the same way since these common trends are captured by the year fixed effects. Some time varying industry specific influences are measured through the R&D expenditure shares and the capital output ratios. Together, the above should control for a lot of variation possibly induced by technology shocks. The scope for bias thus seems limited, yet, it is not completely impossible that some disturbance remains. In addition to the argument around industry specific technology shocks, Wright (2012) has recently discussed the possibility of reverse causality in the offshoring context. The idea behind this source of bias is that changes in labor market variables could trigger lobbying activities from groups most severely affected. These protectionist measures could in turn impact on the trade-based offshoring measures. In the present context this issue appears less problematic since labor interests are generally not organized along task lines -in particular since the task dimension cuts right through the skill dimension in many cases. While ameliorating some concerns, neither of the above arguments are able to completely rule out endogeneity of the offshoring measures, however. In the following, a possible instrumental variable strategy is thus discussed. An important idea in this context that has recently been introduced to the offshoring literature is to instrument offshoring in one industry with offshoring in that same industry in another country or region . The argument for such a strategy is that offshoring trends in different countries are driven by the same global factors -factors closely related to a fall in the general offshoring costs β. If this constitutes a good and valid instrument, the correlation between offshoring in the same industry across countries would be sufficiently high, while offshoring in the other country would not directly impact on relative labor demand for tasks in the country originally under study. However, the assumption of no correlation between offshoring in one country and labor market variables in another also raises doubts. In competitive international markets, spillovers through shifts in markets shares of internationally active firms seem likely, all the more so in a border-less European Union. One option is to use a values from a country outside the European Union but still similar in its offshoring exposure to reduce these spillovers -the United States for example. In table 4, import penetration ratios from U.S.
industries are used as instruments for German industry level offshoring. Import penetration is used since this more general measure likely captures some of the same global influences and is readily and reliably available from the OECD STAN data base for the United States. The first stage F -statistics are within the range of what is usually considered necessary for non-OECD offshoring while being slightly below for the worldwide measure. Tests for underidentification support the chosen instruments. The results show larger coefficients than before that are statistically different from both zero and the previous fixed effects results. Conditional on the IV strategy being valid, the effect of offshoring on relative labor demand for tasks would thus even be stronger. In any case, previous results would not be biased upward and the direction and significance of link between offshoring and task shifts receives further support.
Inference with few clusters
Recently, Cameron et al. (2008) have voiced concerns about inference in empirical settings with clustered standard errors when the number of clusters is small. Their suggestion is to use a cluster wild-bootstrap-t procedure that provides an asymptotic refinement. This research has made an impact on some empirical studies in the last years. However, the study by Cameron et al. (2008) is careful enough to point out that their results are derived from simulations conducted in certain settings. It provides a detailed discussion on how well cluster robust standard errors perform relative to different bootstrap-se and bootstrap-t methods -always in relation to varying numbers of clusters. While they generally favor the wild-bootstrap-t procedure in most settings using micro level data, their results do not imply its use is mandatory for all possible settings with few clusters.
With respect to the setting in this paper, where the analysis features 19 clusters (industries), one important results stands out. Simulations conducted by Cameron et al. (2008) , with data from Bertrand et al. (2004) , which have a similar setting to the one used here, building on aggregate level measures over time, reveal the performance of cluster robust standard errors not to be significantly outperformed by any bootstrap procedure for 20 clusters. Only when reducing the number of clusters below 10, some bootstrap methods outperform the ones based on cluster robust standard errors. The procedure used in the preceding estimations presented here -implementing cluster robust standard errors -thus implicitly receives support from the study by Cameron et al. (2008) .
Yet, in order to deliver an alternative to cluster robust inference, the main regressions for the cost share of R-tasks are re-run using a wild bootstrap-t procedure. Reassessing the main model, as in columns 3 and 4 of table 2, statistical significance is always preserved at conventional levels. 21 21 The implementation was done via the user written STATA ado-command "cgmwildboot" provided by Judson Caskey at https://webspace.utexas.edu/jc2279/www/data.html. It was run with 1000 repetitions and a null hypothesis of zero imposed for the offshoring variables and the controls. Instead of using industry fixed effects as binary regressors, which is infeasible in this setting, the data are de-meaned using xtdata before running cgmwildboot, which may be suboptimal. Year effects are included as well as the control variables from the previous analyses: ln(Yjt), ln(Kjt/Yjt), and R&D intensity. Further doubts regarding the robustness of the results are dispelled by numerous alterative specifications. Table 5 looks at the offshoring intensity to non-OECD countries, since this is the concept of offshoring most closely related to the theoretical considerations and to improve the exposition. 22 It holds results for a shorter sample span (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) , for reduced samples, in which the industries with the largest increase in offshoring (32) and the largest decrease in R-task intensity (18) are dropped, for cost shares of tasks constructed with task measures as in Spitz-Oener (2006) , and finally for alternative measures of offshoring regarding the sources (Geishecker 2006) .
Data alterations
The main message of this paper remains unaltered: Offshoring remains a significant and strong factor in the decline of relative labor demand for routine and non-interactive tasks.
Conclusion
Since trade is becoming more of a task-related phenomenon due to the increase in offshoring activities by firms, the pattern of effects across workers is changing as well. In particular, the skillbased characterization of differentially affected groups falls short of comprehensively capturing the effects. Offshoring occurs based on relocation cost for single occupations, which do not necessarily reflect skill intensities. This paper takes an industry perspective and puts this claim to a test by analyzing relative labor demand from a task perspective.
First, a model is developed to describe the mechanisms underlying the link between offshoring and shifts in employment and cost shares of tasks. This model explicitly treats occupations as fixed bundles of tasks which are, as a whole, subject to the offshoring decision. This is a crucial difference to skill-based approaches, in which individuals either supply high-skilled or low-skilled labor. Furthermore, the model highlights the between-occupation dimension in task share changes in the economy. The model introduces a sorting mechanism of individuals across occupations, which relies on a trade-off between occupations specific wages and individual abilities in terms of effort needed for the execution of certain tasks. In such a setting, an overall fall in offshoring costs can shift the cut-off occupation, which separates home from foreign production, such that the range of occupations at home shrinks. Crucially, the remaining occupations are characterized by a higher non-routine and interactive task content. Since workers whose jobs have gone offshore re-sort into these occupations, average employment shares and cost shares of routine and non-interactive tasks fall in the home economy.
Second, the theoretical predictions are tested and new evidence on the link is provided using industry level data from German manufacturing. A clear and robust result emerges. An increase in offshoring significantly reduces home country relative demand for routine and non-interactive tasks -in particular if this offshoring is directed towards non-OECD countries. The additional value compared to skill related measures is demonstrated by the fact that this demand shift is also observed when controlling for the skill composition of industries. The main results show offshoring to account for between about 10% and about 23% of the observed "task-upgrading" over the period
1998-2007.
An important message of this study -and one that does not directly emerge from models such as Grossman & Rossi-Hansberg (2008) -is that between-occupation re-allocations are a common response to offshoring. This is an important insight for policy makers concerned with designing a policy framework that provides the necessary flexibility in this adjustment process.
Data Appendix
Labor market data from the BA Employment Panel
The BA Employment Panel ("BA-Beschäftigtenpanel") is a 2% random sample derived from official
German employment records based on social security data. It holds information on a wide variety of individual worker characteristics. It is quarterly in nature, yet, its income information does not provide this detail since many employers only submit one record a year. For both the cost share calculations and the employment share calculations, yearly information from the December waves only were used. Before calculating cost and employment shares, the sample is restricted to full-time regular employees. In the calculation of wage cost shares, occupation-industry cells with less than 4 observations are dropped. Assumed imputed incomes, so-called "Fortschreibefälle", are deleted. Income below 400 Euro and above 10,000 Euro per month is regarded as measurement error and is deleted. One potential issue with administrative data is that income is top-coded at the legal threshold of social security contributions. This issue is likely of less relevance in the manufacturing industry, however. Note that those results in this paper which are based on employment share calculations as measures of labor demand are completely unaffected by this limitation. Additionally, from a theory perspective, the main effect is operative at the bottom of the wage distribution -where offshoring induced re-sorting occurs -and thus does not rely on variation at the top of the distribution. Nevertheless, all main results from table 2 were tested with cost shares based on imputed incomes following Gartner (2005) . There was hardly any effect on the coefficients, which were all similar in magnitude and all significant at conventional levels.
Data and method used for calculation of task intensities
The data holding information on task performance stem from the BIBB/IAB study: "Acquisition and Application of Occupational Qualifications 1998/99". This survey contains about 34,000 individual observations. Among other things, individuals are asked if and how often they perform certain tasks. Table 6 lists these tasks. In order for a task performance to be counted, the individual has to indicate "often" from a scale with further options "sometimes" and "never". The number of tasks of a certain category are then divided by the total number of tasks an individual reports to perform often. The individual values are aggregated to the occupational level. It is assumed that the average task content of any given occupation does neither differ across industries nor across individual characteristics (age, gender, ...) nor working arrangements (full-time versus part-time). 
